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Abstract With the rapid development of water environment online monitoring technology in recent years, the categories and
quantities of monitoring data have been greatly improved. Online monitoring and remote sensing monitoring are important data
sources for water environment monitoring. How to quickly and efficiently understand massive monitoring data is a research hot-
spot of artificial intelligence technology in the field of ecological environment data research. Changshou lake is a national good wa-
ter body in the Three Gorges reservoir area. This paper aims at proposing an improved CNN convolution neural network algo-
rithm WRCNN model, and this model is studied to extract features directly from water environment data in remote sensing ima-
ges and increasing data dimension of water monitoring data. The ability of extraction can eliminate the uncertainty of function se-
lection, reduce the calculation steps,suppress the influence of over-fitting and realize the application of remote sensing technology
of large-scale monitoring in water environment. The results show that the improved WRCNN convolution neural network algo-
rithm model can effectively identify the concentration of chlorophyll,the indicator of eutrophication in Changshou lake,and pro-
vide an efficient measures for monitoring eutrophication in reservoir area.

Keywords Neural network, Three Gorges reservoir, Eutrophication,Deep learning, Remote sensing monitoring
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system based on convolutional neural network
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